A recent advance upon Signal Detection Theory (SDT) promises to enhance measurement of performance in complex real world domains where stimuli do not fall into discrete, mutually exclusive categories. This development, Fuzzy Signal Detection Theory (FSDT) combines traditional SDT with Fuzzy Set Theory (FST) to extend signal detection analysis beyond the traditional crisp, categorical decision making model. FSDT allows for events to simultaneously be in more than one state category (e.g. signal and non-signal), so that stimulus and response dimensions can be continuous rather than categorical. This study compared the differences in methods of analyses from FSDT and traditional SDT using the same data set. Data suggests that FSDT analysis and traditional SDT provide different vistas into signal detection performance. FSDT provided a better description of the effects of stimulus uncertainty on observers' response bias and sensitivity. This is because the FSDT model explicitly captures this uncertainty and can provide insight into system performance in domains in which stimulus categories vary along a continuum.
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For almost fifty years Signal Detection Theory (SDT) has provided an extremely useful analytical tool for evaluating human and machine performance in both simple and complex systems. As such, it has served as one of the most useful measurement tools and influential theories in psychology (Wickens, 2002) . However, even outstanding theories have their limitations, and SDT is no exception. In the SDT model, the state of the world is forced into crisp mutually exclusive categories (i.e., signal versus non-signal; old versus new; etc.), which may not be accurate representations of the true states of the world.
To capture the uncertainty inherent in real-world stimuli, the representation of the stimulus dimension must be continuous rather than categorical. Recently, Parasuraman, Masalonis, and Hancock (2000; see also Hancock, Masalonis, & Parasuraman, 2000) have captured this uncertainty by combining elements of SDT with those of Fuzzy Set Theory, in which category membership is not considered mutually exclusive and stimuli can therefore be simultaneously assigned to more than one category. Thus, in FSDT a given stimulus, or more formally, a stimulus selected at random from a distribution of stimuli, may be categorized as both a correct detection and a false alarm depending on the degree to which the stimulus represents a critical event. For instance, a convenient range for a stimulus dimension is one in which the strength of the stimulus varies from 0 (a definite non-signal) and 1 (definite signal), with a signal value of .5 representing maximal uncertainty in the stimulus itself. That is, a stimulus with a signal value of .5 has properties of both signal and non-signal to an equal degree. Implicit in this model is the assumption that signal uncertainty exists not only within the observer (a major insight provided by traditional SDT) but in the stimulus dimension itself. This experiment represents an initial test of FSDT using a perceptual signal detection task. In this study fuzzy stimulus and response dimensions were established (seven categories for each), and difficulty (discrimination) and bias (instructional set) were manipulated to investigate the degree to which the FSDT model is sensitive to these classical SDT manipulations. The FSDT analysis was compared to an analysis using traditional SDT, using methods outlined in MacMillan and Creelman (1991) see also Wickens (2002) .
METHOD
Seven students from the University of Central Florida (3 men and 4 women, mean age = 21 years) volunteered to participate in this study.
The stimuli employed in this experiment consisted of two vertically oriented 1.64 cm by 20.32 cm rectangular bars separated by 1.26 cm. Seven different images were presented during the experiment, although participants were not informed of the number of stimulus categories, only that the stimuli would vary between two extremes in color.
In each image one of the two rectangles always remained a checkered pattern of squares consisting of the following two colors in equal proportions; violet squares with RGB (R 204, Gr 0, B 255) and Grey (RGB R 127, Gr 127, B 127). The 2nd vertical rectangle consisted of checkered pattern of violet squares with RGB (R 204, Gr 0, B, 255), and also one of seven saturated versions of yellow squares. Using a variation of a psychophysical function developed by Indow and Stevens (1966) yellow (RGB value; R 255, Gr 255, B 0) was varied in its saturation level in images one through seven for the second vertical rectangle only.
Participants read and signed an informed consent form that explained their rights, received instructions regarding the task and were provided with examples of the stimuli. After instructions, participants completed a 5 min practice session.
Both difficulty levels of the task (less difficult vs. more difficult) were presented in the practice session, 2.5 min for each level of difficulty. The order in which the participants received these difficulty levels was counterbalanced. Participants engaged in six, 6-min detection tasks consisting of two difficulty levels (less difficult, stimulus presented with 80 percent RGB value vs. more difficult, stimulus presented with 95 percent RGB value) presented for 125 ms, and three levels of instruction bias (lenient, conservative and neutral). The order in which the participants received the different treatments was counterbalanced using a Latin Square design.
The task required participants to monitor the relative color purity of two vertical lines that would flash on and off the screen and to judge the degree to which the lines were the same or different in 'color'. Participants were instructed to respond to stimuli by rating the degree to which each stimulus was a signal (the rectangles differed in saturation) versus a non-signal (the two bars did not differ in color) by pressing keys 1 through 7, with the response '7' indicating that the stimulus was definitely a signal. No other information regarding the number of possible stimulus categories or the relative frequencies of those categories was provided to the observers. For each condition the event rate was 21 eventlmin, and each of the 7 different stimuli was presented 18 times during each session. The order in which the stimuli were presented within a condition was randomized.
For the manipulation of response bias, three instructional sets were employed to induce lenient, unbiased, and conservative responding. These instructions were based on those employed by Snodgrass and Corwin (1988) . During the task with the conservative instruction set participants were informed that they would receive (10) points for each correct identification, which meant that they correctly identified the degree to which the two lines were the same or different in color. However, they were told that they would lose a (-1) point for each missed signal, which meant that they underestimated the degree to which the two lines were different in color. Finally, they were informed that they would be penalized (-10) points for each false alarm, which meant they overestimated the degree to which the two lines were different in color.
During the neutral (unbiased) condition participants were informed that they would receive a (1) point for each correct identification. However, they were told that they would be penalized a (-1) point for each missed signal and that they would be penalized a (-1) point for each false alarm. For the lenient condition participants were informed that they would receive (10) points for each correct identification. However, they were told that they would be penalized (-10) points for each missed signal and a (-1) point for each false alarm.
RESULTS

For all statistical analyses an alpha level of
.05 was adopted, and Box's epsilon was used to correct for violations of sphericity (Myers & Well, 1995) . A 2 (difficulty) x 3 (bias instructions) repeated measures analysis of variance was used to test differences among conditions in perceptual sensitivity (d') and response bias (c). Formulas for calculating sensitivity and response bias were the same for both FSDT and Traditional SDT analyses, since the fuzziness is captured in the hit and false alarm rates (Parasuraman et al., 2000) . The formulas for calculating FSDT measures were obtained from Parasuraman et al. (2000) , and the method for computing hit and false alarm rates in the traditional manner followed procedures outlined by MacMillan and Creelman (1991) .
Overall Sensitivity and Response Bias
Mean sensitivity scores for each difficulty level and bias instruction using traditional and fuzzy computation methods are presented in Table 1 and Table 2 , respectively. Sensitivity (d') was calculated using the Traditional SDT method of analysis collapsed across stimulus, total d' (see MacMillan & Creelman, 1991, see also Wickens, 2002 ). An ANOVA revealed that participants were significantly more sensitive in the less difficult conditions compared to the more difficult conditions, F(1, 6) = 21.12, p = .004. Participants did not significantly differ in their d' scores across bias conditions, ( p . 0 5 ) .
An ANOVA of sensitivity scores based on the FSDT method of analysis (collapsed across stimuli) revealed that participants were significantly more sensitive in the less difficult conditions compared to the more difficult conditions, F(1, 6) = 32.23, p = .001 (see Table  1 ). In addition there was a significant main effect for bias, F(2, 12) = 7.97, p = .006 (see Table 2 ). Data from pairwise comparisons revealed that sensitivity is greater in the conservative condition compared to the neutral condition and lenient. When c was calculated using the FSDT method of analysis collapsed across stimuli, the data revealed a significant effect for the response bias manipulation (conservative, neutral, and lenient), F(2,12)= 8.02, p=.02. The data displayed in Table 3 , revealed from the pairwise comparisons, that participants' bias (degree of conservativeness and leniency) in purity discrimination was significantly more conservative for stimuli presented in the conservative condition compared to the participants' bias toward stimuli presented in the lenient and neutral conditions, which did not significantly differ from each other. 
Sensitivity and Response Bias Analyzed by Stimulus
When d' was calculated using the FSDT method of analysis by stimulus, an ANOVA revealed that participants' sensitivity was significantly different across stimuli (2 through 6), F(3, 16) = 7.61, p = .03, and difficulty levels, F(1, 6) = 12.604, p = .01. Pairwise comparisons indicated that participants' sensitivity for color discrimination was significantly greater for stimuli with maximal uncertainty such as Similarly, when d' was calculated using the Traditional SDT method of analysis by stimulus interval, the analysis revealed that participants were significantly more sensitive in the less difficult conditions (M = 2.21, SD = 0.20)
compared to the more difficult conditions (M = 1.23, SD = 0.20), F (1, 6) = 2 1 . 1 2 ,~ = .004. The data revealed a significant main effect for stimuli (:.e., stimuli 1 to 2, 2 to 3, 3 to 4, 4 to 5, 5 to 6, and 6 to 7), F(5, 30) = 5.26, p = .001, indicating that participants' sensitivity in color discrimination was significantly different for stimuli intervals. However, in contrast to the findings from the FSDT method of analysis, the traditional analysis indicated that participants discriminated stimulus 6 from 7 (M = 3.64, SD = 0.70) with the highest sensitivity in color discrimination, followed by the interval between stimuli 2 and 3 (M = 2.06, SD = 0.22), stimuli 3 and 4 (M = 1.77, SD = 0.34), stimuli 4 and 5 (M = 1.64, SD = 0.39), and stimuli 5 and 6 (M = 1.20, SD = 0.38). Participants discriminated stimuli 1 and 2 with the least sensitivity (M = 0.03, SD = 0.72).
Response Bias (c) was calculated for each stimulus using the FSDT method of analysis. Note that in FSDT, it is possible to compute a hit and false alarm rate for each stimulus. The exception is the extreme two categories (1 and 7), since it is not possible to correctly detect a signal that is not present (1) or to commit a false alarm when responding to a pure signal (7). An ANONVA revealed a significant effect for stimuli (2 through 6), F (10, 129) = 12.67, p = .007. The data revealed, from the pairwise comparisons, that participants' bias (degree of conservativeness and leniency) in color discrimination was significantly different from stimuli with the least uncertainty (stimuli 2 and 6) compared to the stimuli with the most uncertainty (stimuli 3, 4, and 5). Data revealed that participants responded to stimulus 6 with the highest bias toward a lenient response (M = -1.04, SD = 0.34), followed by stimulus 5 (M =-0.27, SD = 0.42), stimulus 4 (M = 0.139, SD = 0.30), and stimulus 3 (M = 0.56, SD = 0.32). Participants responded to stimulus 2 (M = 1.58, SD = 0.50) with the highest bias toward a conservative response. In contrast, when c was calculated using Traditional SDT method of analysis by stimulus intervals (i.e., intervals 1 and 2, 2 and 3, etc.) revealed no differences where for stimuli.
DISCUSSION
Fuzzy Signal Detection analysis and Traditional Signal Detection provide different vistas into signal detection performance. That FSDT provided a better description of the effects of stimulus uncertainty on observers' response bias and sensitivity is not surprising, given that the FSDT model explicitly captures this uncertainty.
However, the finding that the Traditional SDT model and the FSDT model were perceptually sensitive (d') to different stimuli is interesting. However, it should be recognized that the meaning of d' is different for FSDT model compared to the Traditional SDT model.
The sensitivity index, in the Traditional SDT model, is gauging the participants' ability to place stimuli on the signal dimension, while for FSDT, the index captures sensitivity to the degree of signalness. For FSDT results indicated that participants correctly gauged the degree of signalness and were more sensitive to stimuli in the middle, with the most uncertainty. For Traditional SDT results indicated that participants were most sensitive to the stimulus at the high end of the dimension.
The individual results are not surprising because the FSDT model captures uncertainty in the data and this explains why the data reveals the highest sensitivity for stimuli with the most uncertainty. The results associated with the Traditional SDT analyses conform to the psychometric function of the stimulus dimension. Because the traditional methods are from of multi-dimensional scaling, such a result is not surprising (MacMillan and Creelman, 1991; Wickens, 2002) . The surprise is in the very different results that are seen when with the same data set is analyzed using FSDT versus Traditional SDT.
The different findings suggest that further work is necessary to investigate the relation between the index of sensitivity and the FSDT model. These results do confirm, however, that FSDT can be used to analyze system performance in domains in which stimulus categories vary along a continuum. Further, initial evidence suggests that Traditional SDT and FSDT methods may provide different insights into system performance. 
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